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Abstract 


In deregulated power market, hydro producer has in principle no other objective than to produce 
electricity and sell with maximum profit with lower market risk. Attention must focus on profit 
uncertainty caused by uncertainty in spot prices and reservoir inflow. The purpose of this review is to 
assess the state-of-the-art in hydropower operations considering profit risk under uncertainty and 
consider future directions for additional research and application. Physical and financial tools to 
hedge risk in bilateral market and risk-assessment methods are all discussed in detail. Furthermore, 
production resources can also be used to manage risk to a certain extent. This concept, when be 
integrated with variety of risk-management methods under stochastic optimal framework, has 
operational significance for hydro producer participating in electricity market. 
© 2007 Elsevier Ltd. All rights reserved. 
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1. Introduction 


Traditionally, in a vertically integrated utility environment, the aim of reservoir management 
is to minimize expected costs, while maintaining an adequate security of supply. However, in 
deregulated power market, Gencos are usually entities owing generation resources and 
participating in the market with the sole objective of maximizing profits, without concern of the 
system, unless there is an incentive for it. For hydro producer, hydropower is different from 
other generation in the sense that it to some extent means storage of electricity. Large variability 
of water inflow means a large variability in profit [1]. For the inherent differences between 
electricity and any other commodity, short-term heightened volatility of electric-power prices 
provides the absolute need for performing risk management when trading energy. Thus, the 
decision makers have to consider the uncertainty in market prices and inflows, as well as 
technical constraints, while determining its power scheduling so as to meet the company’s 
contractual obligations and its bidding strategy for electricity market. 

This paper will cover the kinds of risks faced over different time frames by hydro 
producers. In restructured environment, hydro producers have to face price risk and inflow 
risk simultaneously. In long/mid-term scheduling frame, the output of hydro scheduling 
will provide power quantity basis for hydro producer participating in bilateral contract 
market. While in short-term scheduling frame, risk measurement is central to price risk. 
And based on the optimal scheduling, hydro producers should submit production bids to 
participate in day-ahead trading market. 

For hydro producer, there are two mechanisms that can be based to manage market 
risk. The first one is to participate in bilateral market to hedge price risk. The total energy 
production is limited in a specified period. In an electricity portfolio, market risk can be 
mitigated by trade in bilateral market [2]. Presently, risk management which only considers 
day-ahead market mainly focus on thermal producer, aiming at price risk, mostly based on 
Markowitz’s seminal work in the area of portfolio selection [3,4]. However, using variance 
of revenue as measure of risk in Markowitz’s mean-variance model has been doubted: 
variance is symmetrical to the mean revenue, which means that the revenue above the 
mean will also be measured as risk. In fact, loss of revenue is the essential characteristic of 
risk. Meanwhile, risk-assessment methods can provide assistance for Gencos choosing 
more proper utility function to complete scheduling plan. It is known from portfolio 
optimization theory that risk management can be more effectively done using tools as 
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Nomenclature 


I, inflow volume to the reservoir during period t 

Ki,t) unit status indicator with 1 means on and 0 means off 
Nmin minimum constraint on generation 

Nmax maximum constraint on generation 

Pi average spot price during period t 

min minimum constraint on generation during period t¢ 
dmax maximum constraint on generation during period t 
qminlÌ) minimum generation limit of unit i 

dmax(1) Maximum generation limit of unit i 

r, release volume from the reservoir during period t 

Kein minimum constraint on release from the reservoir 

Frias maximum constraint on release from the reservoir 

S; storage volume of the reservoir at the end of period t 
Sa minimum constraint on storage of the reservoir 

Sinax maximum constraint on storage of the reservoir 

t time index 

T time index for the end of scheduling period 

T™( minimum on time of unit i 

T°"(i) minimum off time of unit i 

X?"(t) time duration for which unit i has been on/off at time t 
X ni (t) time duration for which unit i has been on/off at time t 


Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) [5]. VaR is a methodology 
developed by the financial industry to provide quantification for a company’s portfolio’s 
exposure to risk. It measures the expected maximum loss over a target horizon within a 
given confidence interval with clear physical meaning. VaR is considered as an open-loop 
solution, and very difficult for a Genco to modify its bidding strategy if it is not satisfied 
with the involved risk level. It has several limitations in practical applications. It does not 
provide a measure of the potential losses exceeding the VaR value. And it is difficult to 
optimize except when assuming normal distributions for underlying market variables [6]. 
CVaR has been proposed in recent years to overcome the limitation of VaR. CVaR is an 
integral, and it is inherently better behaved mathematically and more tractable in portfolio 
optimization [7]. It is convenient to measure price risk for optimal scheduling problem [8]. 
Moreover, it can be used in the optimization of a power portfolio by means of linear 
expressions for discrete random variables [9]. Financial derivatives, when well understood 
and properly utilized, are beneficial to the sharing and controlling of undesired risks 
through proper structured hedging strategies [10]. In [11], a risk management using futures 
contract, jointly with power scheduling, is considered in a mean-variance framework. 
The second one is to change its operational decision. This can be integrated using 
financial instruments specifically designed to mange risk. This combined perspective is 
named integrated risk management [12]. In deregulated power market, hydro producer is 
exposed to both inflow and price uncertainty. This requires risk management should be 
under the stochastic-programming framework. To deal with uncertainty, implicit or 
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explicit methods have been widely used in reservoir optimal operations [13]. The penalty 
function can be used to describe the user’s attitude seen as an inverse function [12]. Risk- 
assessment methods can also be integrated in hydro-optimal scheduling model to character 
the risk attitude of producer [8]. The new integrated mathematical model, which combines 
stochastic optimal methods with varieties of risk management methods, will provide more 
powerful basis for hydro producer to bid in electricity market. 

The article is organized as follows. In the next section, hydropower-scheduling model in 
deregulated power market is formulated. Then the risk management in electricity is 
discussed. Then, risk-constrained optimal stochastic solution considering hydro-produc- 
tion resources as risk measurement is discussed. This is followed by conclusions. 


2. Hydropower-scheduling model in deregulated power market 


When electricity prices were regulated, hydropower optimization often considered only 
the inflow uncertainty. In deregulated market, price uncertainty must be considered in 
addition to inflow uncertainty. This makes the operation problem more challenging due to 
inclusion of the objective of minimizing risk. And Gencos comprehensively revise their 
generation-scheduling models. New models should include stochastic prices instead of 
using demand constraints and spinning reserve constraints. The hydropower-scheduling 
problem is decomposed into a planning hierarchy where the long/mid-term models provide 
boundary conditions for the short-term models. A single aggregate reservoir is assumed to 
keep the model simple and the producer in our case is a price taker. 


2.1. Long-term scheduling model in deregulated power market 


Majority of hydro-scheduling problem relate to the reservoir systems operations. Stochastic 
inflow, the release, which is related to the water passing through the turbine to make electricity 
and storage, describe reservoir’s main characteristics. In long-term scheduling, the inflow must 
be dealt with as a stochastic variable. In deregulated electricity market, price uncertainty must 
be also included in the scheduling models. The main objective of optimization is to maximize 
the expected benefits and at the same time satisfy the system constraints. 

A basic optimization long-term scheduling problem can be formulated as: 

Objective Function 


ri 
Maximize Ef woh (1) 


t=1 


where E,, is the expectation over both inflow and price [22], q; is the generation during 
period ¢ and p, is the average future spot price during period ¢. 


Constraints 
S41 =S tlta t=1,...,T, (2) 
min STi SF'max, Ve, (3) 
Smin <5¢<Smax, VE (4) 


min < q(t) < Imax» vt. (5) 
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2.2. Short-term scheduling model in deregulated power market 


Mathematically, short-term hydro-scheduling problem is categorized as a class of large- 
scale, discrete, non-linear, and non-convex problem [14]. Therefore, it is crucial to have a 
more accurate model representing the hydraulic system for obtaining a reasonable schedule 
to guide the hydro-producer operations, e.g. minimum-up/minimum-down time limits are 
taken into account. 

A basic optimization short-term scheduling problem can be formulated as: 

Objective Function 


T 
Maximize En woh (6) 


t=1 


where q; is the sum of production of operating units during period t. 
Reservoir constraints 


S41. = 9 + li- ren t=1,...,T, (7) 
min SFr Smax, Yt, (8) 
Smin S St SSmax, Vt. (9) 


System constraints 
minl) X qi, DIG, S dmax?) (10) 


where the constraint can represent Genco’s special requirements, e.g. a Genco may 
have minimum and maximum generation requirements in order to game in energy 
market. 

Unit constraints 


(a) Generation limits 


TG, 04min O SIG, < LCi, 09 max(.- (1) 


(b) Unit minimum starting up/down times 
Xa- 1) — TOG, t— 1) — 16,9) 20, (12) 


Fe- 1) — TEOG, À — i,t- D0. (13) 


(c) Water consummation constraint 
T 


NOLDA =W, (14) 


t=1 


where W represents water consummation during single-time horizon At. 
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3. Risk management in electricity market 


Risk management is the process of analyzing exposure to risk and determining how to 
best handle such exposure, including risk control and risk assessment. In [15], a good 
explanation of the concepts of robustness, exposure, hedge and regret are given. The 
importance to consider non-financial risk factors and their impact is also emphasized. A 
state-of-the-art summary of risk assessment in energy trading is provided in [6]. Techniques 
which were illustrated are VaR, CVaR and hedging using futures contracts. 


3.1. Risk management in bilateral market 


The fluctuation of spot price makes the risk management become an important content 
of market participants. Bilateral forward contracts, futures contracts and other financial 
instruments all can be used to hedge market risk in bilateral market. 


3.1.1. Risk management with portfolio management 

In electricity market, generation companies can mitigate trading risk with different 
physical trading (e.g. spot market and forward market). In a specified period, total physical 
energy is fixed, so allocating different portion to different physical trade leads to different 
portfolio management. 

In classic portfolio theory, optimizing the expected return for a specified level of risk 
is a well-known problem. There are three dimensions to the problem—the expected return 
on each instrument in the portfolio, the risk in that return and the quantity of each 
instrument held [7]. The latter of these is the choice variable. Simplistically, portfolio 
optimization is the search for a vector of quantities that satisfies a number of constraints 
and provides minimum risk which is measured by total variance of maximum return or 
alternatively by the VaR. And risk/return metrics of such vectors comprise the “efficient 
frontier”. 

Both sides of forward contract have the specified revenues and expenses, for forward 
contract specifies the trade price of the future spot market regardless of the change of 
future spot price. Therefore, it is more suitable to risk-averse producer. And the purpose of 
signing forward contracts is to ensure stable power supply or sell, so it is acceptable for 
power producers owing generating and consuming abilities concurrently. However, 
forward trade lacks of liquidity for its widely adopted curb exchange. Traders will loose 
some gaining revenue opportunities while avoiding price risk. 

Portfolio optimization as understood today is a static problem considering a portfolio at 
one point in time. There is need for theoretical and algorithmic development in dynamic, 
decision contingent optimization over a time horizon. 


3.1.2. Risk management with financial instruments 

Financial instruments, which are dependent on an underlying price, are defined as 
derivatives. They are beneficial to the sharing and controlling of undesired risks through 
proper structured hedging strategies when well understood and properly utilized [10]. 

The basic concepts and techniques for hedging of financial risks using the futures 
contracts are discussed in [16], where an analysis of actual data from power markets is 
performed. By trading in the futures market, Gencos decide to take a hedged position, 
which is not to profit from it but to protect itself from price risks. Direct hedging is one 
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such strategy wherein the futures contracts used are based on the spot market being 
evaluated. Under a direct hedging strategy, the idea is to find a significant covariance 
between the spot market and the corresponding futures market. If the link between the 
spot and futures market is weak, a direct hedging strategy may not always offer the lowest 
risk but cross hedging, which uses futures contracts from different markets, might offer a 
better risk reduction [16]. 


3.2. Risk assessment methods based on VaR and CVaR 


A quantized risk index is needed to judge the feasibility of the risky optimal scheduling 
strategy for Gencos, especially after scheduling has been established. VaR and CVaR, as 
risk assessment methods, have been widely used in practical applications [17]. 


3.2.1. Value-at-risk 

VaR is a risk-assessment tool that is used by financial institutions to measure the 
minimum occasional loss expected in a given portfolio within a stated time period [7]. VaR 
at the 100f percent confidence level is defined as the difference between the expected profit 
and the lower 100(1—f) percentile of the profit distribution [8]. Therefore, the probability 
that the monetary loss exceeds f-VaR is (1— £). Risk-assessment model can be constructed 
with utility function and VaR method to optimize contract trade [18,19]. 

If the risk is modeled via the VaR, then the safety parameter that trades between profit and 
risk can be easily specified using standard normal tables. However, this requires the assumption 
that prices are Gaussian distributed. If it is to be relaxed, VaR would be very difficult to 
optimize. VaR also suffers from being intractable when computations are based on scenarios or 
historical observations [5]. A serious limitation of VaR, moreover, is that it provides no 
indication on the extent of the losses that might be suffered beyond the amount indicated by this 
measure. Moreover, VaR approach is an open-loop solution, and very difficult for a Genco to 
modify its bidding strategy if it is not satisfied with the involved risk level. 

To overcome these limitations of VaR, CVaR has been proposed [5]. 


3.2.2. Conditional value-at-risk 

CVaR is also known as the mean excess loss, mean shortfall, or tail VaR, which is 
defined as the conditional expectation of losses given that the loss exceeds a threshold 
value. For example, a 96% confidence CVaR value provides the mean of the expected 
losses for the potential loss values that exceed the 96% VaR value. By calculating the mean 
of the loss exceeding the VaR value, CVaR is known to be more consistent measure of risk 
than VaR, and provides a better indication of the potential losses exceeding the assumed 
confidence level [7]. The objective of Genco can be modeled as minimizing CVaR, pursuing 
the optimal scheduling under a given confidence level [20]. 

CVaR can be modeled by means of linear expressions for discrete random variables. This 
is an advantage of CVaR in the optimization of a power portfolio [20]. Moreover, since 
CVaR is greater than VaR, schedules with low CVaR necessarily have low VaR as well. 


4. Risk management considering hydro-scheduling production resources 


Currently, hydro-production scheduling and risk analysis is performed separately. This 
may result in considerably greater variation of income in different time periods than 
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preferred by the utilities. Continuing updating of the price and inflow forecast results in 
new production plans and thereby changes in the balance and the risk profile. Therefore, 
hydro scheduling considering risk management should be performed in stochastic 
programming framework. 


4.1. Model of stochastic data 


In deregulated power market, the inflow and the spot price all can be considered as 
stochastic variables. Stochastic price model is constructed based on future market price 
forecast, while stochastic inflow model is constructed based on statistic analysis of 
historical data. 

A traditional approach to represent uncertainty is to estimate the parameters from 
historical data according to distributional assumptions, and then develop a stochastic 
model to take uncertainty into account [21]. Analysis of the price scenarios, which is based 
on EMPS-model, shows that the market price for each week strongly depends on the 
price of the foregoing week [22]. In order to use an optimization algorithm based on 
dynamic programming, AR model is preferred. The first-order discrete Markov price 
model is further expanded to incorporate long-term future position uncertainty of forward 
contract [23]. 

Scenario analysis method with a series of scenarios expressing stochastic data has been 
widely used in implicit or explicit stochastic optimal methods. A detailed literature review 
on scenario generation is given in [24]. To deal with multivariable uncertainties, the 
construction of a multivariate scenario tree is suggested. Scenario tree captures the 
dynamics of decision making as the decisions are adjusted to the currently available 
information. Clustering method [25], non-linear optimal method [26] and heuristic method 
[27] have been employed to generate scenario tree given the statistical properties of the 
stochastic variables. To deal with uncertainty, multiple-scenario method is proposed to 
simplify the representation of the stochastic inflow process [28]. The inflow process is 
approximated by a few discrete values for each stage. With a few stages, the number of 
possible scenarios is limited, and can be dealt with in an optimization procedure. This 
processing mode has typical significance in dealing with stochastic data, and can be applied 
in stochastic dynamic programming (SDP) and stochastic dual dynamic programming 
(SDDP) optimization methods. Monte-Carlo simulation method can also be applied to 
generate scenarios, and scenario reduction techniques must be applied to reduce the 
number of scenarios [29]. 


4.2. Risk-constrained optimal stochastic solution 


The most general way of solving the stochastic scheduling problem is to use SDP to find 
the optimal operation policy. With more than one or two reservoirs, however, one runs 
into the well-known dimensional problems of dynamic programming [30]. In [31], SDDP is 
first proposed, which uses a decomposition method according to time stages, similar 
to that of dynamic programming. At each stage, a small LP problem has to be solved. 
An application of SDDP to seasonal planning is showed in a part of the Norwegian hydro- 
dominated power system [29]. 

On the research of multi-stage, multi-dimension stochastic optimization problem, 
Bender’s decomposition overcomes the shortcoming of the “curse of dimensionality” in 
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dynamic programming. By decomposing the problem into multi-stage, it makes the 
complicated problem easy to track and so can solve very large-scale linear optimization 
problems. BD has been proved an efficient methodology to solve the hydro-energy 
operation problem [32,33]. However, it still belongs to implicit methods and the accuracy 
of the solution depends on the scenarios. Also, the problem must be approximated using 
piecewise linear convex functions which is suitable for linear objective functions. 
Lagrangian relaxation idea, as another decomposition method, is very popular in power 
optimization. Combined with certain global optimization technique (e.g. heuristics 
[34,35]), stochastic Lagrangian relaxation method is also proved efficient [36]. 

Production planning and risk management can be integrated in order to maximize 
expected profit at some acceptable level of risk. In the integrated model, the price and 
inflow scenarios are input to the hydro scheduling. To minimize the risk of the total 
electricity portfolio, generation resources and committed forward contracts can be 
included in the same model. The expected shortfall, which is defined as profit 
underperformance relative to some preset profit targets at various periods, represents 
the risk of the stochastic profit [37]. The penalty function can be seen as an inverse function 
when used to describe the user’s attitude. The risk level can be controlled by setting 
revenue targets, and progressive penalty functions for income below user-specified limits 
are contained in the objective function. The solution method, which is similar to 
combination of SDDP and SDP, is used [12]. The above approach is to penalize each 
scenario in which the company’s profit is lower than a certain objective value. Penalizing 
the expected downside risk in the objective function will lead to minimum downside risk at 
the cost of reducing profit. This has the advantage of not requiring a constraint that 
couples the different scenarios. A disadvantage of this method is that it does not impose an 
explicit limit for the losses that the company may face. If constraint on the expected 
downside risk can be dynamically changed, a tradeoff between the expected payoff and 
undertaking risk will be obtained. Conditional VaR is another approach, which has better 
risk and mathematical properties as risk measure. It establishes a hard limit on the 
expected value of losses for the subset of scenarios in which the shortfall exceeds the VaR 
at a given confidence level. CVaR method, which has the characteristic of being modeled 
by means of linear expressions for discrete random variables, provides convenience to its 
application in scheduling problem [8]. 

All these methods have great value for hydro producers to control market risk. And 
combining hydro-production scheduling and risk analysis under the stochastic optimal 
framework develops powerful tools for hydro producers to participate in electricity market 
with their actual risk attitude. 


5. Conclusion 


In deregulated electricity market, a major concern for hydro producers is the profit 
uncertainty caused by e.g. uncertainty in spot prices and reservoir inflow. This requires 
hydro scheduling considering price risk and inflow risk under the stochastic framework. As 
mentioned above, there are two mechanisms that a hydro producer can use in order to 
manage market risk. The first one is to participate in bilateral market to hedge price risk. 
This includes allocating its limited physical energy in an electric portfolio and hedge risk 
with financial derivatives. The second one is to change its operational decisions, which 
implies that the probabilities function of operating profit should be constructed at the same 
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time as the hedging strategy is decided. A variety of risk-management methods are 
reviewed in deregulated power market, such as penalty method, risk-constraint method 
and risk measure method (e.g. VaR, CVaR). These methods should be realized in 
stochastic programming framework for the uncertainties of prices and inflow. Kinds of 
implicit or explicit stochastic programming methods have been used in hydro-scheduling 
problem successfully, to overcome the key difficulty in optimization under uncertainty, 
hybrid methods can accommodate more complicated constraints and have great 
application prospect. 
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